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Abstract001

Large Language Models (LLMs) have driven002
rapid advances in natural language process-003
ing (NLP); however, low-resource languages004
such as Urdu, spoken by over 230 million peo-005
ple, remain severely underrepresented, limiting006
equitable deployment and widening multilin-007
gual performance gaps. Existing Urdu bench-008
marks are fragmented or translation depen-009
dent, lacking a unified framework for evaluat-010
ing emerging efficient models on native, cultur-011
ally grounded tasks. We present URDUBENCH,012
a comprehensive benchmark comprising 20013
datasets across 17 tasks for Urdu LLM eval-014
uation, covering natural language understand-015
ing, safety-critical moderation, and generation.016
We also release a modular, open-source eval-017
uation framework enabling reproducible zero-018
shot evaluation with uniform prompting and019
metrics. Using this framework, we benchmark020
13 open-weight instruction-tuned LLMs span-021
ning nano (<1B), small (1–3B), and medium022
(up to 7B) parameter scales focusing on models023
that are computationally efficient and suitable024
for deployment in low-resource settings. Re-025
sults show pronounced performance disparities026
across model sizes and task categories, with027
persistent difficulties in Urdu sequence label-028
ing and generation, and consistent gains from029
larger multilingual models.030

1 Introduction031

Large Language Models (LLMs) have revolution-032

ized natural language processing (NLP), demon-033

strating remarkable capabilities across a wide array034

of tasks, from question answering and summariza-035

tion to reasoning and generation. However, the036

majority of these advancements have been driven037

by high-resource languages such as English, where038

abundant data and benchmarks enable rigorous039

evaluation and iterative improvements. In contrast,040

low and mid resource languages, including Urdu041

spoken by over 230 million people worldwide (SIL042

International, 2022) as a first or second language 043

remain severely underrepresented in LLM research. 044

This disparity not only limits the equitable deploy- 045

ment of AI technologies but also perpetuates biases 046

and performance gaps in multilingual applications. 047

At the same time, the ecosystem of open- 048

source LLMs is undergoing a rapid transition 049

toward smaller, efficient models. Sub-billion- 050

parameter models (e.g., gemma-3-270m, granite- 051

4.0-350m, Qwen2.5-0.5B-Instruct) and lightweight 052

1–3B models (e.g., gemma-3-1b-it, Llama-3.2-1B- 053

Instruct, Llama-3.2-3B-Instruct) are increasingly 054

capable of high-quality reasoning and instruction- 055

following, while 4–7B models (e.g., Qwen2.5- 056

7B-Instruct, gemma-3-4b-it) represent the emerg- 057

ing standard for deployable multilingual systems. 058

Despite their practical relevance for resource- 059

constrained settings, there exists no systematic eval- 060

uation suite designed to measure the Urdu capabil- 061

ities of these model classes. 062

To address this gap, we introduce URDUBENCH, 063

a comprehensive benchmark suite comprising 20 064

datasets across 17 tasks, designed to evaluate 065

LLMs in Urdu. Our benchmark encompasses core 066

NLP competencies, including core structural and 067

classification tasks (e.g., part-of-speech tagging 068

and named entity recognition), ethical and safety- 069

critical tasks (e.g., hate speech and cyberbullying), 070

sentiment and emotion analysis, and generative 071

tasks. Unlike translation-dependent multilingual 072

resources, URDUBENCH integrates datasets that 073

are culturally adapted, manually verified, and na- 074

tively grounded in Urdu contexts. To facilitate 075

community adoption, we release an open-source 076

codebase for rapid evaluation, featuring a modular 077

framework that allows seamless integration of new 078

models or datasets. 079

We evaluate URDUBENCH on three model cate- 080

gories: nano (under 1B parameters) small (1–3B 081

parameters) and medium (>3B–7B parameters). 082

Our results reveal significant performance dispari- 083
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ties across model sizes and tasks, underscoring the084

need for Urdu-specific fine-tuning and highlighting085

strengths in multilingual base models. Through086

this work, we aim to accelerate LLM development087

for Urdu and promote inclusive AI research.088

The contributions of this paper are as follows:089

• A novel benchmark, URDUBENCH, with 20090

datasets spanning 17 tasks tailored for Urdu091

evaluation.092

• An open-source, flexible evaluation frame-093

work for rapid testing of LLMs on Urdu tasks.094

• Comprehensive analysis of 13 LLMs across095

three parameter scales, focusing on resource096

efficient models.097

The remainder of the paper is organized as fol-098

lows: Section 2 reviews related work, Section 3099

details the construction of URDUBENCH, Section 4100

elaborates the framework of URDUBENCH, Sec-101

tion 5 and Section 6 presents our experiments and102

results, and Section 7 concludes with future direc-103

tions.104

2 Related Work105

Several benchmarks have been proposed to eval-106

uate LLMs across diverse linguistic and cultural107

contexts. IndicGenBench (Singh et al., 2024) and108

the Indic LLM Leaderboard (Kumara and Cog-109

nitiveLab Team, 2024) focus on Indic languages110

using translated versions of English benchmarks,111

covering tasks such as summarization, transla-112

tion, QA, and reasoning. Similarly, SeaExam and113

SeaBench (Liu et al., 2025) provide native-crafted114

benchmarks for Southeast Asian languages, target-115

ing both educational assessment and conversational116

evaluation.117

For South Asian contexts, PakBBQ (Hashmat118

et al., 2025) and PakPolBias (Nadeem et al., 2025)119

address bias-related evaluation in Urdu and other120

Pakistani languages, focusing on social and politi-121

cal dimensions. While valuable, these benchmarks122

are task-specific and do not provide broad coverage123

of core NLP, safety, and generation tasks for Urdu.124

(Tahir et al., 2025) evaluated pre-trained LLMs on125

a range of Urdu NLP tasks; however, the study126

relied on a static set of now-outdated models and127

lacked a reusable evaluation framework, making128

results difficult to reproduce and requiring substan-129

tial re-engineering to assess newly released models,130

thereby underscoring the need for a systematic and 131

extensible benchmarking suite. 132

Language-agnostic benchmarking frameworks 133

such as LLMeBench (Dalvi et al., 2024) enable 134

rapid evaluation across tasks and languages but do 135

not provide native, culturally grounded datasets 136

for low-resource languages. Broader multilingual 137

efforts include AfroBench (Ojo et al., 2025) and 138

IberBench (Ángel González et al., 2025), which ag- 139

gregate large collections of datasets across African 140

and Iberian languages, respectively, spanning both 141

general-purpose and region-specific tasks. 142

Classic English benchmarks such as 143

GLUE (Wang et al., 2019b), WinoGrande (Sak- 144

aguchi et al., 2019), and recent dynamic 145

evaluations like LiveBench (White et al., 2024) 146

have shaped LLM evaluation methodology but 147

remain English-centric. Specialized benchmarks 148

such as AD-LLM (Yang et al., 2025) target specific 149

phenomena (e.g., anomaly detection) rather than 150

comprehensive language evaluation. 151

In contrast to prior work, URDUBENCH pro- 152

vides the first unified, native benchmark for Urdu 153

that jointly evaluates structural NLP, safety-critical 154

moderation, sentiment and emotion analysis, and 155

generation tasks, accompanied by a reproducible 156

evaluation framework tailored to efficient open- 157

weight LLMs. 158

3 URDUBENCH 159

URDUBENCH is a unified benchmarking frame- 160

work designed to support large-scale, reproducible 161

evaluation across a broad range of Urdu NLP tasks 162

and models. The framework is motivated by the 163

need to reduce duplicated engineering effort across 164

experimental configurations while ensuring con- 165

sistent handling of inputs, intermediate representa- 166

tions, and outputs. URDUBENCH adopts a pipeline- 167

oriented execution model in which information is 168

exchanged through structured key-value mappings, 169

enabling uniform processing across heterogeneous 170

tasks and model providers. 171

URDUBENCH comprises three core components 172

Dataset Component, Task Component, and Model 173

Component coordinated by a centralized Bench- 174

mark Driver as illustrated in Figure 1. Execu- 175

tion begins from user-specified configuration, after 176

which the Benchmark Driver resolves the selected 177

task and loads associated dataset using the Dataset 178

Component. Then get a prompt from the Task Com- 179

ponent and forwards it to the Model Component for 180
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Figure 1: Overall architecture of URDUBENCH. A
centralized Benchmark Driver orchestrates Dataset,
Task, and Model components under a unified execu-
tion pipeline.

inference. Model outputs are returned through a181

uniform interface, post-processed by the Task Com-182

ponent, and evaluated using task-specific metrics.183

All inputs, intermediate artifacts, and outputs are184

cached to support reproducibility and efficient re-185

execution, ensuring consistent evaluation semantics186

across tasks and models.187

To support extensibility while preserving exe-188

cution consistency, URDUBENCH exposes explicit189

abstract interfaces for each component. In the fol-190

lowing subsections, we describe these components191

in detail, outlining their responsibilities and inter-192

faces.193

3.1 Dataset Component194

The Dataset Component encapsulates dataset-195

specific operations, including data loading, prepro-196

cessing, and instance structuring. URDUBENCH197

provides generic loaders for commonly used for-198

mats and sources, such as Hugging Face datasets,199

tabular or structured files such as CSV, TSV, JSON,200

plain text, and spreadsheet based corpora.201

Custom datasets can be incorporated by extend-202

ing the DatasetBase interface (Listing 1). Each203

dataset implementation requires two things (i)204

metadata describing dataset provenance, licensing,205

and language characteristics, (ii) split-aware load-206

ing logic that returns a standardized list of evalua-207

tion instances. By enforcing a canonical represen-208

tation of dataset samples, this abstraction enables209

datasets with heterogeneous formats and storage210

backends to be evaluated uniformly, without requir-211

ing task or model level modifications.212
213

class DatasetBase:214
""" Base interface for dataset215

loaders."""216
217

def metadata(self):218

# Returns dataset metadata 219
raise NotImplementedError 220

221
def load_data(self , split="test"): 222

# Loads and returns a list of 223
samples for the specified 224
split 225

raise NotImplementedError 226227

Listing 1: Abstract base class defining the Dataset
Loader interface.

3.2 Model Component 228

The Model Component encapsulates model- 229

specific inference operations behind a minimal and 230

uniform interface. URDUBENCH delegates infer- 231

ence configuration, including decoding parameters, 232

prompt handling, and backend-specific execution, 233

to individual model providers. This design supports 234

heterogeneous model architectures and deployment 235

settings while preserving a consistent interaction 236

contract for downstream tasks. 237

New models are integrated by subclassing the 238

ModelBase abstraction (Listing 2), which defines a 239

single mandatory inference method operating over 240

role-based message inputs. To ensure stable large 241

scale benchmarking, the framework provides an op- 242

tional safety wrapper that prevents runtime failures 243

in individual model calls from interrupting overall 244

evaluation. This lightweight mechanism enables 245

efficient handling of inference errors without cou- 246

pling failure handling policies to task or dataset 247

logic, making the framework robust to transient 248

issues commonly encountered in practical bench- 249

marking environments. 250
251

class ModelBase: 252
""" 253
Base abstraction for all model 254

providers. 255
""" 256

257
def prompt(self , messages): 258

""" 259
Perform inference given a list 260

of role -based messages. 261
""" 262
raise NotImplementedError 263

264
def safe_prompt(self , messages): 265

""" 266
Optional safety wrapper to 267

prevent inference failures 268
from interrupting benchmark 269
execution. 270

""" 271
try: 272

return self.prompt(messages) 273
except Exception: 274

return "[ERROR]" 275
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276

Listing 2: Abstract base class defining the Model
Provider interface.

3.3 Task Component277

The Task Component represents a reusable evalua-278

tion abstraction that defines how inputs are trans-279

formed into model prompts, how outputs are inter-280

preted, and how predictions are evaluated. Tasks281

operate independently of specific model imple-282

mentations and interact with models exclusively283

through the standardized model interface.284

As illustrated in Listing 3, each task implemen-285

tation specifies three core operations: prompt con-286

struction, output post-processing, and evaluation.287

URDUBENCH provides default task implementa-288

tions for common task families such as classifica-289

tion and regression, while allowing custom evalu-290

ation logic to be defined when required. Evalua-291

tion routines return a dictionary of metric scores292

(e.g., accuracy, F1, BLEU, ROUGE), enabling flex-293

ible reporting and diagnostic analysis. By decou-294

pling task logic from both datasets and models, the295

framework enables component reuse across diverse296

benchmarking scenarios with minimal overhead.297
298

class TaskBase(ABC):299
""" Abstract base for benchmark tasks300

."""301
302

@abstractmethod303
def format_prompt(self , sample: dict304

):305
""" Convert a sample into a role -306

based prompt."""307
raise NotImplementedError308

309
@abstractmethod310
def post_process(self , output: str):311

""" Normalize raw model output.312
"""313

raise NotImplementedError314
315

@abstractmethod316
def evaluate(self , refs: list , preds317

: list):318
""" Compute evaluation metrics.319

"""320
raise NotImplementedError321322

Listing 3: Abstract base class defining the Task
interface.

3.4 Execution and Interaction323

Once the required components are defined, bench-324

marking experiments can be executed through a325

unified command line interface. The framework326

automatically resolves the appropriate task con- 327

figuration based on user defined parameters and 328

supports multiple execution modes, including zero- 329

shot evaluation, partial dataset execution for rapid 330

debugging, and cache bypassing for fresh inference. 331

Representative command line interaction patterns 332

are shown in Listing 4. 333

1. Single Task-Model Evaluation. A specific 334

task configuration is executed using a selected 335

model, which supports optional limits on the 336

number of evaluated instances for targeted 337

analysis or debugging. 338

2. Model-Centric Evaluation. A single model 339

is evaluated across all registered tasks, en- 340

abling systematic assessment of model robust- 341

ness and cross-task generalization under a uni- 342

fied execution setup. 343

3. Task-Centric Evaluation. A specific task is 344

executed across all available models, facilitat- 345

ing comparative benchmarking under identi- 346

cal dataset and evaluation conditions. 347

These interaction modes elevate cross-task and 348

cross-model evaluation to first class execution pat- 349

terns, enabling scalable experimentation without 350

requiring modifications to task or model defini- 351

tions. 352
353

# Single task -model evaluation 354
python run_bench.py <task_config > -- 355

model <model_name > 356
357

# Model -centric evaluation (model across 358
all tasks) 359

python run_bench.py --model <model_name > 360
361

# Task -centric evaluation (task across 362
all models) 363

python run_bench.py --task <task_name > 364365

Listing 4: Illustrative command-line interaction modes
supported by UrduBench.

4 Framework Design and Properties 366

URDUBENCH is designed around a set of explicit 367

engineering principles intended to ensure fair, re- 368

producible, and scalable benchmarking in low- 369

resource language settings. The framework en- 370

forces uniform execution semantics across all ex- 371

perimental configurations. These design decisions 372

are informed by best practices in modular LLM 373

benchmarking (Dalvi et al., 2024), unified evalua- 374

tion suites (Gao et al., 2023), and multi-task bench- 375

marks (Wang et al., 2019b,a). 376
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4.1 Modular Asset Design377

All experimental components in URDUBENCH,378

including datasets, task definitions, and model379

providers, are represented as explicit, self-380

contained assets that conform to minimal abstract381

interfaces and are independently registered with the382

framework. This modular asset design decouples383

experimental configuration from execution logic,384

allowing components to be added, replaced, or ex-385

tended without modifying the core engine, while386

preventing hidden dependencies between datasets,387

tasks, and models. As a result, heterogeneous task388

formulations can be evaluated under identical con-389

ditions, ensuring that observed performance dif-390

ferences reflect model behavior rather than ad-hoc391

evaluation pipelines.392

4.2 Unified Task and Model Interfaces393

URDUBENCH enforces a strict separation between394

task logic and model inference through standard-395

ized interfaces. Task Component define prompt,396

output post-processing, and evaluation metrics,397

while Model Component provides a minimal infer-398

ence contract that abstracts away architectural de-399

tails and deployment backends. This unified inter-400

face design ensures that no model-specific assump-401

tions leak into task definitions and that all models402

are evaluated using identical prompting, decoding,403

and execution semantics, which is especially crit-404

ical because minor variations in prompt can sub-405

stantially affect reported performance (Wang et al.,406

2019b,a).407

4.3 Reproducibility and Robust Execution408

To support large-scale experimentation, UR-409

DUBENCH incorporates built-in mechanisms for410

fault-tolerant execution. Model inference is411

wrapped with configurable caching, enabling ex-412

periments to resume seamlessly in the presence of413

transient failures or infrastructure instability. All414

experiments are fully parameterized through ex-415

plicit configuration files and command-line argu-416

ments, eliminating implicit state and enabling exact417

re-execution of experimental setups, while inter-418

mediate artifacts and final outputs are persistently419

stored for transparent reporting and post-hoc analy-420

sis.421

4.4 Systematic Cross-Product Evaluation422

URDUBENCH natively supports systematic evalua-423

tion across the Cartesian product of registered tasks424

and models, providing first-class execution modes425

for benchmarking a single model across all tasks 426

or multiple models on a fixed task without custom 427

orchestration scripts. By making cross-task and 428

cross-model evaluation a core framework capabil- 429

ity, the benchmark discourages selective reporting 430

and simplifies comprehensive analysis of model 431

behavior, while maintaining clear provenance of all 432

evaluated task–model combinations. 433

4.5 Partial and Debug Execution 434

To facilitate rapid development and debugging, the 435

framework supports controlled partial execution 436

over subsets of evaluation data. This capability 437

enables verification of task definitions, prompt con- 438

struction, and metric computation without incur- 439

ring the computational cost of full-scale inference, 440

while operating within the same execution pipeline 441

as complete runs. 442

4.6 Language-Independent Design 443

Although URDUBENCH is motivated by the need 444

for robust Urdu language benchmarking, the frame- 445

work itself makes no language-specific assump- 446

tions. Tokenization strategies, script handling, label 447

schemas, and evaluation criteria are fully delegated 448

to task definitions. This language-independent 449

design allows the framework to be readily ex- 450

tended to other languages with minimal adaptation 451

URDUBENCH as a general-purpose benchmark- 452

ing infrastructure rather than a language-specific 453

toolchain. 454

5 Experimental Setup 455

We conduct a large scale benchmarking study using 456

URDUBENCH to evaluate open weight instruction 457

tuned LLMs across diverse Urdu NLP tasks under 458

zero-shot settings. All experiments were performed 459

on NVIDIA L40 and A100 GPUs using determin- 460

istic inference. 461

5.1 Tasks and Datasets 462

URDUBENCH is a comprehensive benchmark com- 463

prising 20 datasets covering a broad range of Urdu 464

NLP tasks, with a particular emphasis on ethi- 465

cal and safety-critical applications relevant to real- 466

world Urdu online platforms. Figure 2 provides an 467

overview of the benchmark, summarizing the task 468

categories, associated datasets, and the evaluated 469

language models grouped by parameter scale. 470
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Figure 2: Summary of Task Categories, Datasets, and Model Scales in UrduBench

5.1.1 Core Structural and Classification Tasks471

Foundational tasks include named entity recog-472

nition using the MK-PUCIT dataset (Kanwal473

et al., 2019), part-of-speech tagging with the CLE474

Urdu POS Tagset, news categorization via the475

COUNTER dataset (Sharjeel et al., 2017), and in-476

tent detection using UWQ-22 (Shams and Aslam,477

2022).478

5.1.2 Ethical and Safety-Critical Tasks479

A key focus of URDUBENCH is ethical and480

safety-critical evaluation. This category covers481

hate speech detection using the ISE-Hate Cor-482

pus (Akram et al., 2023) and CLE-HateSpeech (Ali483

et al., 2021), propaganda detection with484

ProSOUL (Kausar et al., 2020), abusive lan-485

guage and threat detection from HASOC subtasks486

A and B (Das et al., 2021), cyberbullying iden-487

tification (Adeeba et al., 2024), and fake news488

detection (Farooq et al., 2023).489

5.1.3 Sentiment and Emotion Analysis490

Subjective language understanding is evaluated491

through sentiment analysis datasets supporting both492

general and aspect-based sentiment (Muhammad493

and Burney, 2023; ul Haq et al., 2020), alongside494

emotion classification using the Urdu Nastalique495

Emotions Dataset (Bashir et al., 2023) and EmoTh-496

reat (Task A) (Ashraf et al., 2022).497

5.1.4 Generative Tasks498

To assess generation in morphologically rich Urdu,499

URDUBENCH includes extractive summarization500

using CORPURES (Humayoun and Akhtar, 2022),501

abstractive summarization via the CLE Meeting 502

Corpus (Sadia et al., 2024), and English–Urdu ma- 503

chine translation based on the English-Urdu Reli- 504

gious Parallel Corpus (Jawaid and Zeman, 2011). 505

5.2 Model Categories 506

URDUBENCH evaluates a representative set of 507

open-weight, instruction-tuned large language mod- 508

els spanning multiple parameter scales and ar- 509

chitectural families. The benchmark includes 510

models from the Qwen series (Qwen2.5 and 511

Qwen3) (Team, 2024, 2025b), Gemma 3 (Team, 512

2025a), Granite 4.0 (IBM Research, 2025), Phi- 513

4 (kinfey, 2025), Llama 3.2 (Meta AI, 2024), and 514

the domain-adapted URDULLAMA-1.1-TINY. 515

Models are grouped into three categories based 516

on parameter count: nano(<1B), small(1B–3B), 517

and medium (>3B, up to 7B). 518

This model selection was done to assess LLM 519

performance under low-resource and compute- 520

constrained settings, which are common in real- 521

world deployments. Nano and small models em- 522

phasize efficiency, reduced memory footprint, and 523

deployability on limited hardware, making them 524

suitable for edge devices. Medium models are in- 525

cluded to study scaling effects while remaining 526

within a practical upper bound for single or few 527

GPU environments. Additionally, the inclusion of 528

URDULLAMA-1.1-TINY, a continued pre-trained 529

model on approximately 800M Urdu tokens built 530

upon Llama 3.2 3B-Instruct, allows direct evalua- 531

tion of the impact of language-specific adaptation 532

compared to general-purpose multilingual models. 533
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Task G-270M Gr-350M Q-0.5B G-1B Q-1.5B L-1B L-3B Gr-3B L-Tiny P-4B G-4B Q-7B Q3-4B

Core Classification Tasks

CLE Urdu Hate Speech 0.438 0.425 0.494 0.456 0.544 0.496 0.533 0.277 0.403 0.556 0.616 0.590 0.585
UWQ-22 Intent 0.293 0.299 0.308 0.320 0.196 0.292 0.329 0.209 0.276 0.377 0.432 0.404 0.328
NER MK-PUCIT N/A 0.254 0.262 0.337 0.274 0.079 0.198 0.006 0.178 0.414 0.591 0.552 0.586
POS Tagging 0.015 0.037 0.023 0.025 0.101 0.013 0.107 0.005 N/A 0.089 0.131 0.222 0.187
News Categorization 0.106 0.126 0.107 0.552 0.535 0.426 0.771 0.125 0.507 0.719 0.789 0.816 0.801
Extractive Summarization 0.393 0.507 0.480 0.522 0.489 0.312 0.397 0.425 0.368 0.417 0.374 0.313 0.357

Ethical and Safety-Critical Tasks

CLE Hate Speech Categorization 0.227 0.192 0.214 0.156 0.125 0.092 0.126 0.132 N/A 0.197 0.000 0.338 0.246
ISE Hate 0.378 0.530 0.491 0.382 0.332 0.461 0.534 0.448 0.494 0.670 0.716 0.639 0.716
Abusive Language 0.336 0.507 0.422 0.540 0.337 0.490 0.377 0.374 0.448 0.546 0.624 0.660 0.638
Cyberbullying 0.067 0.120 0.131 0.055 0.079 0.062 0.148 0.000 0.030 0.196 0.242 0.191 0.188
Propaganda Detection 0.542 0.491 0.513 0.472 0.317 0.479 0.628 0.486 0.507 0.551 0.579 0.717 0.618
Threat Detection 0.486 0.506 0.471 0.149 0.258 0.520 0.402 0.246 0.172 0.558 0.455 0.583 0.506
Fake News 0.367 0.370 0.422 0.531 0.517 0.550 0.499 0.542 0.429 0.303 0.671 0.565 0.730

Sentiment and Emotion Analysis

Sentiment Analysis 0.370 0.245 0.250 0.545 0.367 0.180 0.297 0.258 0.326 0.455 0.635 0.624 0.651
Emotion Analysis Task A 0.293 0.171 0.293 0.277 0.267 0.293 0.242 0.174 0.167 0.342 0.341 0.289 0.339
Paragraph Emotion 0.122 0.065 0.082 0.251 0.299 0.141 0.341 0.167 N/A 0.332 0.158 0.393 0.376
Aspect-Based Sentiment 0.104 0.128 0.170 0.183 0.146 0.064 0.192 0.078 0.170 0.147 0.267 0.286 0.246

Generative Tasks

Abstractive Summarization 0.032 0.000 0.033 0.000 0.064 0.14 0.034 0.067 0.000 0.000 0.000 0.000 0.150
Bible MT 1.732 0.031 0.065 1.532 0.872 1.532 4.202 5.949 6.501 0.872 0.575 1.910 6.097
Quran MT 0.579 0.000 0.000 0.044 0.258 0.044 0.323 2.710 1.547 0.338 0.000 0.156 2.278

Table 1: URDUBENCH evaluation results across 20 tasks and 13 models. Model abbreviations: G-270M = gemma 3
270M, G-1B = gemma 3 1B, G-4B = gemma 3 4B, Q-0.5B = Qwen 2.5 0.5B, Q-1.5B = Qwen 2.5 1.5B, Q-7B =
Qwen 2.5 7B, Q3-4B = Qwen 3 4B, L-1B = Llama 3.2 1B, L-3B = Llama 3.2 3B, P-4B = Phi-4 mini, Gr-350M =
granite 4.0 350M, Gr-3B = granite 4.0 micro 3B, Gr-T = granite 4.0 h-tiny 7B.

6 Results and Discussion534

We evaluated 13 instruction-tuned LLMs on 20535

tasks using URDUBENCH, following the hardware536

and experimental setup described in Section 5.537

All evaluations were executed through the uni-538

fied framework, leveraging fault-tolerant inference,539

partial-run capability, and reproducible execution540

semantics. Table 1 reports macro f1-score for541

core structural and classification tasks, ethical and542

safety-critical tasks, sentiment and emotion analy-543

sis tasks and BLEU score for generative tasks.544

6.1 Core Structural and Classification Tasks545

In core structural and classification tasks, medium546

models substantially outperform nano and small547

models. This pronounced scaling effect is particu-548

larly evident in news categorization, where medium549

models reach up to 0.816 (Qwen-7B), while nano550

models on average hover around 0.11, suggest-551

ing that larger models better capture the lexical552

and contextual diversity required for accurate Urdu553

text classification. Named entity recognition and554

intent classification also follow this trend, with555

medium models consistently exceeding 0.5 macro-556

f1, whereas nano and most small models struggle557

below 0.35 due to insufficient capacity for han-558

dling Urdu’s rich morphology and script-specific559

tokenization challenges. 560

6.2 Ethical and Safety-Critical Tasks 561

Small models perform relatively well on ethical 562

and safety-critical tasks compared to their weaker 563

results on core structural and classification tasks 564

(nano: 0.381 vs. 0.164; small: 0.354 vs. 0.258), 565

with medium models only slightly better (0.482). 566

Results show that binary signals like hate, abuse, 567

or propaganda transfer effectively from multilin- 568

gual pretraining even to nano models. Medium 569

models still excel on nuanced subtasks (Qwen2.5- 570

7B-Instruct 0.660 Abusive Language; gemma-3- 571

4b-it 0.716 ISE Hate), but nano models (granite- 572

4.0-350m, Qwen2.5-0.5B-Instruct) often exceed 573

0.53–0.54 on binary detection, despite near-random 574

performance on core structural and classification 575

tasks. Fine-grained challenges remain across scales 576

(Cyberbullying <0.20; CLE Hate Speech Catego- 577

rization <0.25), showing socio-cultural subtleties 578

in Urdu toxicity. 579

6.3 Sentiment and Emotion Analysis 580

In Sentiment and Emotion Analysis, medium mod- 581

els lead with 0.366 macro-F1 (small: 0.235; nano: 582

0.191), showing a wider performance gap than in 583

ethical and safety-critical tasks (0.482 vs. 0.366). 584

Small models struggle as these tasks require deeper 585
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contextual understanding of subjective and cul-586

turally nuanced language. Medium models ex-587

cel on sentiment (Qwen3-4B-Instruct-2507 0.651)588

and paragraph-level emotion (Qwen2.5-7B-Instruct589

0.393), while aspect-based sentiment remains chal-590

lenging across all sizes (<0.27). Emotion classi-591

fication shows moderate scale gains (Phi-4-mini592

instruct and medium Qwen/gemma 0.34–0.39), but593

nano/small models hover near 0.17–0.27, indicat-594

ing limited transfer from multilingual pretraining.595

6.4 Generative Tasks596

In Generative Tasks, all models perform poorly,597

with medium-sized models achieving only598

marginally higher BLEU scores than smaller599

counterparts, highlighting a stark contrast with the600

comprehension oriented tasks elsewhere in the601

benchmark. While multilingual pretraining enables602

reasonable understanding and classification of603

Urdu text even in sub billion parameter models,604

the ability to produce coherent, contextually605

appropriate Urdu output remains severely limited606

across the board. Translation and summarization607

demand not only linguistic knowledge but also608

faithful stylistic preservation and cultural nuance,609

capabilities that current instruction-tuned models610

lack due to insufficient exposure to high-quality611

Urdu generative data during training.612

7 Conclusion613

In this paper, we introduce URDUBENCH, the first614

comprehensive benchmark suite specifically de-615

signed for evaluating large language models on616

native Urdu tasks. Comprising 20 diverse datasets617

across 17 tasks including natural language under-618

standing, ethical and safety-critical moderation,619

sentiment analysis, and generative capabilities. UR-620

DUBENCH addresses key linguistic challenges in a621

low-resource setting without relying on automated622

translations. We accompany the benchmark with623

an open-source, modular evaluation framework624

that ensures reproducible, zero-shot assessments625

through uniform prompting, post-processing, and626

metric computation, while facilitating seamless ex-627

tension to new models and datasets. Our large628

scale evaluation of 13 open-weight instruction-629

tuned LLMs across nano (<1B), small (1—3B), and630

medium (up to 7B) parameter scales reveals stark631

performance disparities. Larger models, particu-632

larly those with strong multilingual pretraining like633

Qwen and gemma series, consistently outperform634

smaller ones on classification and generative tasks, 635

though challenges persist in sequence labeling, fine- 636

grained toxicity detection, and long-context gener- 637

ation. Notably, even sub-billion-parameter models 638

show reasonable transfer on binary safety tasks, 639

suggesting opportunities for lightweight modera- 640

tion in Urdu contexts, while core linguistic and gen- 641

erative competencies demand greater capacity. By 642

releasing URDUBENCH and its evaluation frame- 643

work publicly, we aim to foster systematic progress 644

in Urdu LLM development, highlight persistent 645

gaps in low-resource multilingual capabilities, and 646

provide a scalable infrastructure extendable to other 647

underrepresented languages. Future work could ex- 648

plore few-shot and propriety models to further chart 649

the path toward equitable AI for Urdu speakers. 650

Limitations 651

URDUBENCH is evaluated exclusively in a zero- 652

shot setting. While this enables consistent and re- 653

producible comparison across heterogeneous mod- 654

els, it does not capture performance improvements 655

achievable through few-shot prompting or task- 656

specific fine-tuning on Urdu data. Evaluating such 657

adaptation regimes would provide additional in- 658

sight into learning dynamics and task sensitivity 659

in future extensions of the benchmark. While the 660

evaluation framework is language agnostic, the cur- 661

rent benchmark and experiments are instantiated 662

exclusively on Urdu. The evaluation is further re- 663

stricted to open-weight lightweight and mid-sized 664

models (up to 7B parameters), reflecting practical 665

deployment considerations in resource constrained 666

environments. Also, the closed-source models are 667

excluded to ensure full transparency and repro- 668

ducibility. While this design choice enables open 669

comparison, it limits direct assessment against pro- 670

prietary systems. Incorporating larger-scale and 671

closed-source models, where feasible, remains an 672

important direction for future work. 673
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